This paper analyzes the process of Internet diffusion across the world using a panel of 199 countries during [1990][1991][1992][1993][1994][1995][1996][1997][1998][1999][2000][2001][2002][2003][2004]. The authors group countries in two categories-low and high-income countries-and show that the Internet diffusion process is well characterized by an S-shape curve for both groups. Low-income countries display a steeper diffusion curve that is equivalent to a right shift of the diffusion curve for high-income countries. The estimated diffusion curves provide evidence of a "catching-up" process, although a very slow This paper-a product of the Sustainable Development Department in the Latin America and the Caribbean Region-is part of a larger effort in the department to understand the determinants for performance in the infrastructure sectors. Policy Research Working Papers are also posted on the Web at http://econ.worldbank.org. The authors may be contacted at landres@worldbank.org and tserebrisky@worldbank.org.
Introduction
The process of technological adoption and diffusion has been extensively studied in the literature 1 . A casual look at data on the diffusion of different technologies reveals that, at a given point in time, there are important differences in the degree of diffusion or adoption across countries 2 .
In this paper we focus on the diffusion of the Internet. Understanding the process of Internet adoption and diffusion as well as the main determinants of cross-country differences in this process seems to be of particular interest in the case of Internet adoption since, as it has long been acknowledged, the Internet is a key tool of economic development (Röller, H., and L. Waverman, 2001; Sanchez-Roble, B 1998; Kenny, C. 2003) . Figure 1 illustrates the significant disparity in Internet diffusion for eight countries. Although the percentage of Internet users was quite low in the United States in 1990, the use of this technology increased to 22 percent in 1997 and 63 percent in 2004.
In China, the percentages were 0.03 percent in 1997 and 7.2 percent in 2004, whereas in Tanzania it was virtually 0 percent in 1997 and 0.9 percent in 2004. The observed differences in the levels of Internet adoption across countries raise important policy questions. Of particular interest to policymakers in developing countries is the need to understand the process of diffusion to anticipate if their countries will eventually catch up and close the digital divide and, if not, what policies should be adopted to increase the speed of Internet adoption.
In this paper we make use of a unique dataset to study the process of Internet diffusion in a large set of countries for the period 1990-2004. Our analysis includes both developed and developing countries and provides separate results for different groups of countries, based on their level of income. The paper has two different parts. In the first part, we show that the process of Internet diffusion across the world is well described by an Sshape pattern. An important advantage of our dataset that differentiates it from previous studies aimed at estimating the adoption pattern followed by a new technological product is that our study includes data for the first years in which Internet was adopted and hence it facilitates the estimation of a complete S-shape curve. We estimate S-shape curves for different groups of countries and find that low income countries have a much steeper adoption profile and their curve lies to the right of that of high income countries. This finding provides support to the hypothesis that Internet adoption follows a leaderfollower model whereby low income countries, as followers, have lower adoption costs 3 . 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 In the second part of the paper we identify candidates to explain the different crosscountry patterns in Internet diffusion. Our most important finding is the presence of network effects in Internet diffusion: the number of Internet users in the previous year is a powerful determinant of the number of Internet users in the current year. The presence of network effects as a determinant of Internet adoption has been largely ignored in existing literature 4 , a striking fact considering that the utility derived from Internet consumption is affected by the number of people using it (Shy, 2001 ). In addition, we study two determinants that have not been accounted for in the literature: the competition in the market for the provision of Internet services and the role of language. Controlling for different relevant variables, we find that in countries where there is more competition in the distribution of Internet, the number of users increases more rapidly. Sharing a common language has a positive impact on the spread of Internet use.
The paper is organized as follows. Section 2 briefly summarizes the existing theoretical and empirical literature on technology diffusion and, in particular, on Internet diffusion. Section 3 describes the main dataset used throughout the paper. The empirical estimation of Internet diffusion curves is presented in Section 4. In Section 5 we explore the determinants of Internet diffusion across countries. Finally, Section 6 concludes the paper.
Related Literature
There is a vast literature exploring the process of technology diffusion across different countries. Since the emphasis of our paper is empirical, the following summary will omit most of the theoretical analysis 5 .
Most of the empirical papers on technological diffusion focus on identifying variables that can explain some features of the diffusion process of different technologies. For instance, Gort and Klepper (1982) Other papers have focused on Internet diffusion; Chong and Micco (2003) study the spread of Internet in Latin America and argue that although latecomers, Latin American countries have the advantage of lower costs of adoption and could easily catch up with technological leaders. They also find that a country's capacity to innovate helps explain the extent to which Internet is adopted. Other empirical studies of the determinants of Internet usage are Chinn and Fairlie (2007) , Estache et al. (2002 ), Canning (1999 , Klobas and Clyde (1998) , Kiiski and Pohjola (2002) , and Quibria et al. (2002) .
Several authors have studied the well-known fact that technology diffusion follows an Sshaped pattern. This empirical recurrence is documented by Griliches (1957) , Davies (1979) , and Gort and Klepper (1982) , and Mansfield (1961) , and is modeled in Jovanovic and Lach (1989) among others. More recently, Comín et al. (2003 Comín et al. ( , 2006 ) study the diffusion processes of several technologies in different countries over the last 200 years. They find that, once the intensive margin of technological diffusion is taken into account, the evolution of the level of technology in a country does not typically follow an Sshaped pattern.
Finally, another strand of the literature has analyzed the positive effect of technology adoption (and, in particular the adoption of Internet) on the growth performance of a country and on the Digital Divide across countries-the gap in access to information technologies between developed and developing countries. Some interesting studies along these lines are Röller and Waverman (2001) , Dewan et al. (2004) , Gramlich (1994 ), World Bank (1994 , Sanchez-Robles (1998), Guillén and Suárez (2005) , Norris (2000) , OECD (2001) , and Kiiski and Pohjola (2002) .
5 A more complete summary of the theoretical literature can be found in Keller (2001) .
The Data
Technological diffusion is defined in Gort and Klepper (1982) as "the spread in the number of producers engaged in manufacturing a new product". Given the nature of the Internet, we have to adapt this definition, whereby diffusion refers to the number of consumers of Internet. Although one could think of many indicators of Internet diffusion 6 , the two most widely used are: the number (and percentage) of Internet users and subscribers 7 . Tables 1A-2A in the Appendix present descriptive statistics for Internet users. Conceptually, both variables are different since users include intrahousehold access to Internet as well as access in public places (universities, libraries). The results using both measures of Internet diffusion are qualitatively similar. Hence, in this paper, we focus only on the results for Internet users. 8 The main dataset that we use in this paper is from the International Telecommunication Union Data (2006) . This dataset contains information on a set of 199 countries for the period 1990-2005. 9 By including both developed and developing countries in our sample we take into account the importance of problems of sample selection raised by De Long (1988) in the context of the literature on growth convergence.
One important thing to note is that, for most technologies, the relevant measure of their diffusion is the ratio of actual users to potential users. Measuring potential users is problematic since it requires access to micro data, which is unavailable for most of the countries in our sample. However, as noted by Dasgupta et al. (2001) , in the case of Internet, human capital requirements to use its basic applications (electronic mail and information search) are relatively low. Therefore, it seems reasonable to assume, as we do, that the entire population is a potential user.
Finally, we use the World Bank Country Classification to study potential different diffusion patterns across income levels 10 . The World Bank classifies countries in the year 2005 according to their GNI per capita in five different groups. These groups are lowincome economies (54), lower-middle-income economies (58), upper-middle-income economies (40), high-income economies (56), and high-income OECD members (24). All the countries included in the last group are also present in the previous one, so we disregard OECD members throughout the analysis. The list of countries included in each 6 Press (2000) provides a long list of such indicators: connectivity, host count, number of web sites, language distribution, compound indices of pervasiveness, geographic dispersion, sectoral absorption, connectivity infrastructure, organizational infrastructure, and sophistication of use. 7 Ideally, we would also like to have measures of the quality and the intensive use of the Internet but this information is not available for a large enough group of countries. A developing nation might have a very slow connection to the Internet. For example, in the spring of 1999, Cuba's total international bandwidth was 832 kb/s, which is less than a home with high-speed DSL service or cable modem. Furthermore, connectivity was concentrated in Havana (though less concentrated than in many developing nations) and limited to relatively few people, almost exclusively through their work (See Martinez, 1999) . The picture is much worse in Africa (see Jensen, 2005) . 8 Results for Internet subscribers are available from the authors upon request. 9 See the Appendix 2 for a list of the countries considered in this study. 10 The income thresholds are: low income, $875 or less; lower middle income, $876-$3,465; upper middle income, $3,466-$10,725; and high income, $10,726 or more. group is shown in Appendix 2. Throughout the paper we follow the World Bank classification but opted to group countries in two categories: Low-income and lowermiddle-income countries and upper-middle-income and high-income countries. This grouping provides more degrees of freedom to the panel estimations.
An Estimation of the Diffusion Process of the Internet
As noted in Jovanovic and Lach (1989) , there exists strong empirical evidence to support the view that the diffusion path of both new processes and product innovations follow an S-shaped or logistic pattern. Kotler (1986) interpreted this fact as evidence in favor of the existence of four phases for technology adoption: introduction, growth, maturity, and decline. This paper presents two contributions to this stylized fact. First, as acknowledged by Comín and Hobijn (2003) , most of the previous empirical studies on the diffusion of technology do not have access to data for the initial years in which the innovation (or new product) was adopted. This translates into a lack of precision in the estimation of diffusion and, in particular, to S-shape curves that grow "too fast" during the early introductory phase. This lack of data is due to the fact that, in most cases, information on the use of a given new technology has only been collected after it has been widely adopted.
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Our first contribution is to make use of a complete dataset that allows us to study the diffusion process of Internet since the first years in which it started to spread in the leading country-the U.S. This clearly overcomes the selection effect present in most of the existing studies.
The second contribution is to estimate the hypothesis that Internet diffusion follows an Sshape curve for low and high income groups of countries. There are theoretically sound reasons to believe that the diffusion process of a given technology should be significantly different for poor and rich countries (see for instance Barro and Sala-i-Martin 1997, 2004) . Figure 2 plots the actual percentage of Internet users across income groups. It is clear from this graph that, at any point in time, the degree of Internet adoption is much lower in poorer economies than in more developed ones. The use of Internet in low and lowermiddle income countries did not start until 1994, whereas in several high income countries it started already in 1990. In 2004, in high income countries, about 40 percent of the population enjoyed Internet services, while the percentage was less than 3 percent in low income countries. In other words, the diffusion curve of low income countries can be described as a right shift of the one displayed by high income countries. This stylized fact seems to support the leader-follower model of Chong and Micco (2003) . 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0 To estimate the diffusion process of Internet, we use a logistic function. This functional form has often been used to approximate the S-shaped diffusion process due to its relative simplicity 12 . Equation (1) δ is a constant of integration that positions the curve on the time scale, and 2 δ reflects the speed of adoption. We estimate (1) using a nonlinear least squares method that fits an arbitrary nonlinear regression function by least squares.
12 Other S-shaped functions used include the cumulative normal and the Gompertz model.
The results of the estimation are displayed in Table 1 . The first column presents the estimates for the entire world. Columns 2 and 3 show the estimates for the two income categories of countries. The parameter of the speed of adoption ( 2 δ ) is higher for low and lower-middle income countries than for upper-middle and high income countries. This difference suggests that low income countries have a higher adoption speed, which is consistent with the hypothesis that low income countries are 'catching up', and also consistent with the hypothesis that followers tend to adopt technologies faster than leaders. Notes: Standard errors in brackets. *, **, ***: significant at the 10, 5, and 1 percent level, respectively.
Figures 3, 4, and 5 display the actual and predicted percentages of Internet users in the world during the years 1990-2004 and for each of the country income groups for the same period of time. The first thing to notice is that the fit of the data is very accurate as the R 2 's of the regressions in Table 1 indicate. Moreover, in particular for upper-middle and high income countries one can appreciate a very clear S-shape pattern-while the diffusion of Internet is very slow in the initial years, it speeds up in the middle years, and than finally slows down in the last periods. As mentioned above, the fact that our dataset contains information from the very first years of Internet diffusion helps explain why we obtain a complete S-shape curve while most of the related literature does not.
One interesting thing to notice in Figures 4 and 5 is that in low and middle income countries diffusion of Internet accelerates in the last years, whereas in upper middle and high income countries the process significantly flattens out. This graphical evidence also suggests that low income countries are catching up with upper-high income countries in the diffusion of Internet. 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 Year
Actual data Predicted
Percentage of Internet Users 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 Year Actual data Predicted Percentage of Internet Users A striking result of Table 1 is the estimate of 0 δ . According to the results from Table 1, there is no long term convergence in Internet diffusion between low and high income countries. Upper-Middle and high income countries converge to an adoption rate of 40.9 percent, whereas low and lower-income ones reach a much lower percentage in the long run (16.3 percent). This result is explained by the short time period of available datafifteen years, and the significant current difference in percentage of users in low and high income countries. Provided the estimation indicates low income countries are catching up as the speed of adoption is higher, a relevant question would be: how many years would it take low and lower-middle income countries to reach the long term adoption rate of upper-middle and high income countries? To answer this question we estimate equation (1) imposing the restriction that the 0 δ coefficient of low and lower-middle income countries equals 40.9, the estimated long run adoption rate of upper-middle and high income countries. The result of the estimation is shown in Figure 6 . Using the actual available diffusion data, it is estimated that lower-middle income countries would take 8 years, i.e. in the year 2015, to catch up to the 90 percent long term level of upper-middleincome countries.
In this section we showed that Internet adoption follows an S-shape pattern, but this pattern is different for low and high income countries. Internet diffusion in the former group started with a lag 13 , but is enjoying a higher adoption speed. However, the digital divide, in absolute terms, is impressive. A simplified simulation indicates it would take low income countries more than 50 years to close the digital divide. These results motivate the need to further study the determinants of Internet adoption, a task we take in the following section. 
The Determinants of Internet Adoption
To identify the main determinants of Internet adoption we follow Estache et al. (2002) and Caselli and Coleman (2001) and estimate a reduced form model presented in equation (2).
where IU it represents the number of Internet users in country i and period t, Y it is the real GDP per capita, P it represents the real cost of a local phone call, and L it and C it are the number of phone lines and computers per capita, respectively. The last two variables are intended to capture the level of telecommunication infrastructure and the availability of infrastructure facilities needed to access the Internet of a country at a given point in time, respectively. Finally, η i is a country fixed effect and ε it is a standard error term.
One would expect β 1 to be positive since a higher level is naturally associated with better technological infrastructure, better organized labor markets and a higher purchasing power of goods and services associated with the Internet. The coefficient of the cost of a local phone call (β 2 ) is expected to be negative and its magnitude would depend on the price elasticity of the demand for Internet usage. Both the effects of the number of phone lines (β 3 ) and the number of computers (β 4 ) should be positive, since they both are necessary inputs to use the Internet. Moreover, one would expect a strong positive complementarity between computer and Internet use 14 .
Other studies 15 added additional explanatory variables to equation (2), including a country's level of human capital-proxied by the number of years of education, its degree of trade openness, the percentage of urban population and the extent of property rights protection. We opted not to incorporate these variables in the analysis since our data suggests that, in most cases, they display very little variation in the time interval covered by this paper. Anyhow, the inclusion of a country fixed effect in our estimation should be able to capture cross-country differences explained by these variables 16 .
The results of estimating equation (2) using panel data country-specific fixed effects are presented in Table 2 . 17 All the coefficients are highly significant and have the expected signs. The levels of income and telecommunication infrastructure (lines per capita) have significant positive effects on Internet adoption and seem to have a similar magnitude. A 10 percent increase in per capita GDP is associated with a 22.6 percent increase in the number of Internet users. Similarly, increases of 10 percent in the number of lines and computers per capita drive up the number of Internet users by 21.6 and 22.9 percent respectively. On the contrary, the higher the cost of a local call, the lower is the probability that Internet will be adopted.
14 A possible criticism to the specification of the model is the inclusion of the cost of local phone calls given the increase in alternative technologies to access the Internet (for instance broadband access). Up to 2004, the participation of alternative technologies was very low, in particular in low income countries. 15 For a sample of these studies see Chinn and Fairlie (2007) , Wallsten (2005) , Kiiski and Pohjola (2002) , and Chong and Micco (2003) . 16 Interestingly, coefficients associated to some of these variables have often been found non significant or controversial in internet adoption models. This is the case of education in Kiiski and Pohjola (2002) and Chinn and Fairlie (2007) , and openness and property rights protection in Caselli and Coleman (2001) . 17 Henceforth we use robust standard errors in our regressions to account for potential heteroskedasticity of the unbalanced panel. Notes: The dependent variable is the log of Internet users per capita. Robust standard errors in brackets. * , **, and *** indicate significance at the 10, 5, and 1 percent levels respectively. The regression uses countries with GDP per capita growth in the interval [-4.9 , 9.2 percent] and controls for country fixed effects.
The diffusion model
Specification (2) has often been criticized because it does not account for the process of diffusion in Internet adoption. Following Estache and al. (2002) , we include the lag of the number of Internet users (in logs) as a right-hand-side variable:
Equation (3) is the reduced form of a Gompertz model of technology diffusion with a constant speed of adjustment. In such a model, the change in the number of users (from the current period to the next one) is expressed as a fraction-the speed of adjustmentof the gap between the number of users at the equilibrium and the number of current users. Hence, the number of new users who adopt a certain good or service in a given period depends on both the number of existing and potential users-which is itself determined by demand-side variables (income, costs, etc.), and other variables describing the demand or supply conditions or the technological infrastructure in each country i (see Stoneman, 1983; Kiiski and Pohjola, 2002; and Estache et al. 2002 for more details).
The coefficient β 5 measures the importance of network externalities in the diffusion of Internet. In the absence of diffusion, β 5 is not significant. When β 5 is positive and smaller than 1, the diffusion model is accepted. Thus the number of users in the current period explains (in a percentage given by β 5 ) the number of Internet users the subsequent year.
As it is well known, including the lagged dependent variable in the right hand side of equation (3) creates an endogeneity problem. By construction, the unobserved panel-level effects are correlated with the lagged dependent variables, making standard estimators inconsistent. Arellano and Bond (1991) derived a consistent generalized method-ofmoments (GMM) estimator for this model. To correct this problem, we estimate Equation (3) using the instrumental variables (IV) procedure proposed by Arellano and Bond (1991) where the lagged values of the dependent variable are used as instruments and country fixed effects are accounted for. Table 3 presents the results of the GLS and IV estimations (specifications (2) and (3) respectively).
First of all, the diffusion coefficient (the lag of the dependent variable) is positive and highly significant with very similar values in both regressions, indicating that the diffusion model cannot be rejected. A 10 percent increase in the number of Internet users in the current year leads to an increase of about 6.8 percent in the number of Internet users the next year. In the naïf regression (GLS estimation presented in column [2]) income and the number of computers per capita seem to have a positive effect on diffusion, although both variables become insignificant when we use IV.
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The importance of the lagged dependent variable is in line with the results of several papers including Goolsbee and Klenow (2002) and Kiiski and Pohjola (2002) . It however contradicts the results of Estache et al. (2002) where the diffusion hypothesis is rejected. The fact that in the IV specification the lagged dependent variable is the only significant explanatory variable suggests that network externalities drive Internet diffusion and might indeed be its most important determinant. Tables 2 and 3 provide results on what determines Internet diffusion aggregated at the world level. However, in Section 4 we presented conclusive evidence that the process of Internet diffusion is far from being uniform across countries. Thus, the question that needs to be answered is if the variables that explain the process of Internet diffusion differ between low and high income countries. Only by identifying differences in the explanatory power of variables that influence the diffusion process, will it be possible to adopt policies aimed at reducing the digital divide.
18 Using the lagged values of the dependent variable considerably reduces the number of available observations. We have estimated (2) by GLS using the same sample as in the IV specification to make sure that the different results does not result from this loss of information. The results show that this is not the case. 
Does the magnitude of Internet diffusion explanatory variables vary with the level of income?
The benchmark model showed that the level of income is positively and highly correlated with Internet adoption. However, although income has the expected sign in the IV estimation, it is no longer significant. This result does not provide information about the existent varying processes of Internet adoption across countries, each with very different levels of income. Section 4 provided sound evidence that the shape of the Internet diffusion process is different for low and high income countries. To assess if there are significant differences in the explanatory power of the variables that are more likely to account for the Internet diffusion process, we estimate equation (3) dividing the sample in two groups: low income countries (defined as an aggregate of low and lower middle income countries) and high income countries (an aggregate of upper middle and high income countries). Table 4 19 ), it becomes the only significant variable for both low and high income countries. This result would indicate that network effects are the drivers of Internet diffusion. The literature that studies digital divide and the factors that account have, except for few exceptions like Estache et al. (2002) , ignored the importance of network effects.
When the number of users in the previous period is included in the regression (columns [2] and [4] of
Our estimates indicate that network effects are higher in high income countries. A 10 percent increase in the number of Internet users in high income countries in one year leads to an increase of 8 percent in the number of users the following year, 2 percent more than in low income countries. One possible explanation for this finding may be related to the structure of high income countries economies. The relative importance of services (usually high intensive in Internet usage) in these economies is higher than in less developed ones. Accordingly high income countries may have more Internetdemanding and network-demanding jobs. Notes: The dependent variable is the log of Internet users per capita. The robust standard errors are in brackets. * , **, and *** indicate significance at the 10, 5, and 1 percent levels respectively. The regression uses countries with GDP per capita growth in the interval [-4.9 , 9.2 percent] and controls for country fixed effects.
Besides studying the determinants of Internet adoption dividing countries by income level, another important question to understand the process of Internet adoption is whether estimates are constant through time. In order to do so, we divide the sample in two sub-periods: 1985-1998 and 1999-2004 (the results are presented in Table 5 ). First, the model of diffusion is accepted in both sub-periods and all income categories. Second, for all income categories, the importance of network effects increased with time. An increase of 10 percent in the number of Internet users in low income countries in one year advanced the number of users the next year by 3.9 percent between 1985 and 1998 and augmented it by 6.11 during the 1999 to 2004 period. A similar result holds for high income countries where the diffusion coefficient increases from 0.617 in 1985-1998 to 0.859 in 1999-2004 and globally from 0.518 to 0.736. Interestingly, we note that these estimations are consistent with the S-shape curve we estimated for each income category in Section 4. The value of the lagged number of Internet users captures the average contribution of network effects to the speed of adoption, controlling for other variables, and thus shows that the speed of diffusion increases between the two periods considered for this exercise, implying that we are identifying the first phase of the Internet adoption process. It also shows how the low and lower middle income countries are following a similar adoption path of upper middle and high income countries. As Table 5 shows, the diffusion coefficient for the last period for low income countries resulted similar to the one we obtained for the period 1985-98 for the leading group of countries. 1985-1998 1999-2004 1985-1998 1999-2004 1985-1998 1999-2004 [ Notes: The dependent variable is the log of Internet users per capita. The robust standard errors are in brackets. * , **, and *** indicate significance at the 10, 5, and 1 percent levels respectively. The regression uses countries with GDP per capita growth in the interval [-4.9 , 9.2 percent] and controls for country fixed effects.
Impact of the level of competition on Internet diffusion
As mentioned in the introduction, there is plenty of evidence that the adoption of information and communication technologies (ICT) in general and Internet in particular contribute to economic growth and development (for a summary of this literature see Grace et al., 2004 and Zhen-Wei Qiang et al., 2004) . Thus, a key policy question is what can low income countries do to accelerate Internet diffusion? One possible answer is to liberalize the telecommunication markets, hoping that more competition will lower prices and facilitate the diffusion of Internet. To assess the validity of this argument, we analyze the impact of the number of Internet Service Providers (ISP) operating in a country on the speed of diffusion. We decompose the sample in two groups: countries with low level of competition-with a number of ISPs less than 4, and countries with high level of competition-with a number of ISPs equal or higher than 5. 20 Then, we estimate equations (2) and (3) for each group, also distinguishing between low and high income countries. Provided the lag variable of Internet users is, ceteris paribus, a proxy for the average speed of diffusion, we are interested in determining if a more competitive ISP market structure leads to a higher estimate of the lag Internet user variable.
Results are displayed in Table 6 . First, once again, one cannot reject the model of diffusion. Network effects are the main determinant of Internet adoption for all income categories and degrees of competition (see specifications 2, 4, 7, 9, and 10). Second, competition has a larger impact on diffusion in high income countries. For low and lower income countries, increasing the number of ISPs from 4 or less to more than 5 increases the diffusion coefficient from 0.494 to 0.582 while for upper middle and high income countries, the jump is from 0.300 to 0.806. 21 Finally, regressions 5 and 10 show that when we use the interaction between high competition and lagged Internet users a high degree of competition significantly increases the average speed of diffusion in high income countries while the effect is insignificant in low income countries. We believe this approach is more informative than the one used in Estache et al. (2002) and Wallsten (2005) who simply added a dummy variable on the right hand side of the regression to account for the existence of competition and/or regulation. In fact, this latter work only allows the intercept to adjust for the conditions on the telecommunication market while our approach allows all coefficients to adjust for the degree of competition. Notes: The dependent variable is the log of Internet users per capita. Robust standard errors in brackets. * , **, and *** indicate significance at the 10, 5, and 1 percent levels respectively. The regression uses countries with GDP per capita growth in the interval [-4.9 , 9 .2 percent] and controls for country fixed effects. 20
Impact of language externalities on diffusion of the Internet
Given the fact that Internet diffusion is heavily determined by network effects, it is important to understand if language plays a role in the size of the network effects. Is the number of Internet users in Argentina (Spanish speaking country) likely to foster the number of Internet users in China? It is intuitive to think that sharing the same spoken language as other users would also contribute to network effects and thus to Internet diffusion 22 ? The importance of language as an explanatory variable of Internet diffusion has been ignored in the literature.
To test the role of language on Internet diffusion, we classify countries by official language using the ten most used languages in the Internet. These languages are English (with 28.9 percent of the users), Chinese (14.7 percent), Spanish (8.9 percent), Japanese (7.6 percent), German (5.2 percent), French (5.0 percent), Portuguese (3.6 percent), Korean (3.0 percent), Italian (2.7 percent), and Arabic (2.5 percent).
23 All other languages with a share of less than 2.5 were grouped in the category "others". Table 7 presents the estimation results of equation (3) where the diffusion effect related to a network with the same language is identified separately from the general diffusion effect within a given country. For the estimation we define a variable equivalent to the lagged variable of the sum of users that speaks the same language around the world excluding the users of a given country. The first element that this table shows is that the results and estimates are consistent with the results presented in tables 3 and 4. It also demonstrates that language, as a proxy of network externalities of users speaking and sharing contents in a common language matters. Controlling by the diffusion coefficient within the country i, a 10 percent increase in the number of users sharing the same language in other countries will increase 2.4 percent the number of users in country i. Another result is that the language externality effect seems to be more relevant for upper middle income countries. Again, this may suggest that the two groups of countries under study are facing different stages of the diffusion process. It also may suggest that when users basically connect to Internet for social and personal reasons or for local work use, one can expect the (internal) national network to be the only significantly important network. However, when the use is more professionally oriented, with internationally opened and globalized firms, the international network is likely to play a preponderant role in the incentives of being an Internet user. It is very likely that this is the case of new users in the upper middle income countries. In the case of low income countries, it is probable that users that access the Internet in the first stage are not constrained by language. Assuming that the main group of users for a given country is the one with higher income and human capital, it is very likely that this group is also able to read English, making less relevant the need of available contents in their own language.
However, it is probable that as soon as the low income countries reach higher Internet penetration, language will start to matter as indicated by the results for upper middle income. Notes: The dependent variable is the log of Internet users per capita. For each country i, the lagged language network is the logarithm of the total users in other countries (other than i) with the same official language, per capita. The robust standard errors are in brackets. * , **, and *** indicate significance at the 10, 5, and 1 percent levels respectively. The regression uses countries with GDP per capita growth in the interval [-4.9 , 9.2 percent] and controls for country fixed effects.
Conclusions
This paper provides a detailed empirical study of the process of adoption and diffusion of the Internet in a large sample of countries for the period 1990-2004. In the first part of the paper we show that this process is well characterized by an S-shape pattern. This is true if we use the world aggregate or if we consider different groups of countries based on their income. The slope of this pattern is positively related to the level of development of each group of countries although, due to the nature of the curve, with time less developed countries adopt Internet faster than more developed ones.
The second part of the paper explores the main determinants of Internet diffusion and finds that national network effects (measured as the lag of the number of users in a given country) are a crucial determinant of the spread of Internet. This network effect is stronger in more developed countries than in developing ones, implying that both groups are facing different stages of Internet adoption. We explored potential differences in this process across time and we found that low and lower middle income countries are following the path made by the upper middle and high income countries.
A positive reading of our results is that less developed countries are, although very slowly, converging with more developed ones, in terms of Internet usage. The most clear policy implication of our findings is that, in order to help narrow the Digital Divide, policymakers should emphasize policies that liberalize the telecommunications markets in less developed countries. Our results suggest that increasing the number of Internet providers has a substantial positive effect on the spread of the Internet.
Appendix 3: Robustness Analysis
This subsection presents robustness checks to confirm the validity of the results presented in the paper.
First, we analyze the impact of outliers on the estimates of our models. Table A3 shows the results of regressions for the world and for different countries by income category where the condition that per capita GDP growth lies within the interval (-4.9, 9.2) has been relaxed. Second, we test whether changing the definition of "sufficiently high competition" (the cutoff value of 5 ISP) changes the impact of the degree of competition on Internet diffusion. Table A4 presents the test of the impact of competition using two alternative definitions: a number of ISPs larger than 4 (the median number of ISPs for low and lower middle income countries) and a number of ISPs larger than 17 (the median number of ISPs for higher middle and high income countries). Finally, we study the robustness of our results using the number of Internet subscribers instead of users as a dependent variable (Table A5) .
As can be seen in the tables just described, the results of the key coefficients are extremely similar to the ones presented in the main section of the paper. Including outliers, changing the definition of competition, or using the number of subscribers instead of users to assess the diffusion of Internet does not change any of our results. In all the specifications it is still the case that network effects are identified as the main determinant of the spread of Internet. Notes: The dependent variable is the log of Internet users per capita. The robust standard errors are in brackets. * , ** and *** indicate significance at the 10 percent, 5 percent and 1 percent levels respectively. The regression controls for country fixed effects. Notes: The dependent variable is the log of Internet users per capita. The robust standard errors are in brackets. * , ** and *** indicate significance at the 10 percent, 5 percent and 1 percent levels respectively. The regression uses countries with GDP per capita growth in the interval [-4.9 , 9 .2] and controls for country fixed effects. Notes: The dependent variable is the log of Internet subscribers per capita. Robust standard errors in brackets. * , ** and *** indicate significance at the 10 percent, 5 percent and 1 percent levels respectively.
The regression uses countries with GDP per capita growth in the interval [-4.9 , 9 .2] and controls for country fixed effects.
